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Abstract: With the increase in small unmanned aerial vehicle (UAV) applications in several technol-
ogy areas, detection and small UAVs classification have become of interest. To cope with small radar
cross-sections (RCSs), slow-flying speeds, and low flying altitudes, the micro-Doppler signature
provides some of the most distinctive information to identify and classify targets in many radar
systems. In this paper, we introduce an effective model for the micro-Doppler effect that is suitable
for frequency-modulated continuous-wave (FMCW) radar applications, and exploit it to investigate
UAV signatures. The latter depends on the number of UAV motors , which are considered vibrational
sources, and their rotation speed. To demonstrate the reliability of the proposed model, it is used to
build simulated FMCW radar images, which are compared with experimental data acquired by a
77 GHz FMCW multiple-input multiple-output (MIMO) cost-effective automotive radar platform.
The experimental results confirm the model’s ability to estimate the class of the UAV, namely its
number of motors , in different operative scenarios. In addition, the experimental results show that
the motors rotation speed does not imprint a significant signature on the classification of the UAV;
thus, the estimation of the number of motors represents the only viable parameter for small UAV
classification using the micro-Doppler effect.
Keywords: UAV classification; feature extraction; micro-Doppler signature; FMCW radar; automo-
tive radar
1. Introduction
Over the past decade, the use of unmanned aerial vehicles (UAVs) has grown dra-
matically in a variety of applications such as surveillance [1], air traffic management [2],
and civil and commercial demands [3], because working with them provides new opportu-
nities and enables applications not possible with conventional aircraft. Because of their
flexibility, UAVs are applied in biomedical applications, for example, in conjunction with
brain-controlled interfaces [4]. UAVs can overcome the need for supervising personnel in
extended scenarios like massive farming, monitoring of critical infrastructure, and logistic
services in remote areas [3,5], helping to meet the need for reliable surveillance in crowded
or dangerous sites. However, UAVs are occasionally involved in illegal activities. They
pose a serious threat to public safety, flight safety, and the protection of sensitive areas [6].
Consequently, the detection and classification of UAVs is needed; However, due to their
small size, slow flying speeds, and low flying altitudes, detecting and classifying them are
challenging tasks requiring improved resolution radar imaging [7].
In the literature, several solutions for addressing the task of UAV target classification
and localization have been presented, but the classifying is always achieved by applying
image recognition techniques. In Reference [8], precise UAV position detection was accom-
plished by applying an advanced image recognition methodology, which recognizes the
UAV target class through its main features. The achieved detection rate and positioning
accuracy result were quite good but systems based on image recognition rely on good
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quality images captured by cameras; thus, detection performance is dramatically reduced
under adverse environmental conditions. Another drawback of image-based methods is
the reduction in target image resolution with the increase in UAV distance from cameras.
To increase UAV detection reliability, in [9], algorithms-based template matching and mor-
phological filtering were adopted to improve the ability to recognize UAV within a wide
range of relative distances. In Reference [10], acoustic and optical detectors were combined
to improve UAV detection and tracking through active imaging.
When an object with a low radar cross-section (RCS), such as many UAVs, is moving,
it may produce a shift in the expected echo signal as well as a frequency modulation on the
scattered radar signal, which creates the sidebands of the target Doppler frequency shift.
This effect is named the micro-Doppler signature [11], which offers a way to recognize
and classify mini-UAVs [12,13]. The micro-Doppler effect is adopted here to improve the
classification of UAVs using remote sensing technology such as radars in surveillance
systems because they are capable of determining dynamic properties secondary effects
of the target, thus offering insight into target signatures. In addition to this analysis,
micro-Doppler helps improve UAV recognition in adverse weather conditions [11,14].
Continuous-wave (CW) radar Doppler is the most popular technique used in radar
systems for obtaining targets information, and plays an important role in achieving high
classification accuracy [15–18]. However, its use is limited in surveillance systems since
the CW radar cannot determine the target range. The frequency-modulated Doppler CW
(FMDCW) radar [19] is a type of CW Doppler radar that is an alternative to the modified
Doppler CW radar for surveillance systems.
At the radar signal processing level, a UAV identification and classification system
based on a FMCW radar micro-Doppler signature analysis can be accomplished in dif-
ferent ways; however, machine learning techniques have gained attention due to their
ability to extract features of of interest with high recognition ratios and low computational
time [20–23]. Since machine learning is related to learning through data, it has become
critical to the quality and quantity of data used in the training and testing of classification
models with low bias and variance. The data should cover a wide range of cases that arise
or resemble real conditions. Due to the diminishing bias in the learned experiment while
reducing the variance (avoiding over-fitting), the model should learn from a vast data
set to obtain sufficient experience and increase its generalization. Regrettably, there are
no available data sets that are acceptable sources for UAVs classification. In most cases,
researchers generated their data set through simulations and experiments combined with
noise and other impairments to imitate a real environment [24]. Hence, we addressed this
drawback of the methods that require a large training dataset to train systems aimed at
identifying different classes of interest.
This paper introduces a novel approach to compact modeling of the micro-Doppler sig-
nature of small UAVs, which correctly generates signals for different kinds of UAV classes
according to different scenarios, namely the number of motors and their rotating speed.
The model can be potentially adapted for data generation to reduce the deep learning
training time window by exploiting pre-deterministic simulations of realistic scenarios.
Finally, in this study, the reliability of the proposed model was examined by com-
paring the simulated micro-Doppler UAV signature with experimental data obtained in
an anechoic chamber using a commercial millimeter-wave radar platform and prototype
UAVs. The data were then compared using a confusion matrix (CM) that describes the
analytical compact model fit with the measured data of a given class of UAVs. In addition,
the CM provides the accuracy of the correct estimation, demonstrating the significant
resemblance to different motor classes without having any considerable effect on different
speed classes.
2. Compact Model for Flying UAVs
In this section, we review the generic modeling of the micro-Doppler effect and
introduce its contribution to the scattered FMCW signal.
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2.1. FMCW Radar and Micro-Doppler Generality






where µ represents the linear chirp rate of the transmitted signal and fRF is the radar carrier
frequency. Assuming the flight time τ = 2R/c0, with R being the range and c the light
speed, the received signal is
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the UAV’s average RCS, GRX,TX is the receiving and transmitting antenna gain, and R is
the UAV range. The receiver down-converter is capable of retrieving the IF signal by the
coherent demodulation
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by low-pass filtering in (3), we have the relation between the range and IF response











The target trajectory translates into a range variation, which in turn determines
the long-term frequency variation in the IF signal according to (4), which is normally
represented by a 2D spectrogram [25].
When a radar target along with its translation motion also undergoes vibration or rota-
tion, then we observe a Doppler frequency shift generated by its vibration or rotation [11].
This frequency shift is time-varying and can be characterized as a periodic time-varying
modulation onto the scattered signal. As a result, micro-motions yield new features on
the UAV’s signature that are distinct from those in the absence of micromotions; since
they depend upon the UAV’s physical and mechanic structure, the characterization of the
micro-Doppler effect provides valuable information for UAV classification.
Assuming pure periodic vibration or rotation, micromotion dynamics generate side-
band Doppler frequency shifts about the scattered signal. The modulation contains spectral
components that depend on the vibration or rotation rate, the vibration amplitude, and the
angle between the direction of vibration and the direction of the incident wave. The correct
extraction of this information needs coherent demodulation to extract useful information
about the micro-Doppler signature. For small UAVs that exhibit small RCSs, say of the
order of 10−2 m2, the micro-Doppler provides effective information for UAV classifica-
tion [26]. For a vibration rate in angular frequency, ωd, and a maximal displacement of the
vibration, Ad, the maximum Doppler frequency displacement is determined by
max{ fd} = (2/λ)ωd Ad. (5)
As a consequence, for very short wavelengths, even with very low vibration rate any
microvibration can cause observable frequency modulation changes. This motivated our
investigation into small UAV micro-Doppler signatures at the millimeter-wave level.
2.2. Micro-Doppler Vibrational Spectral Model of a Flying UAV
We considered the schematic of a four-motor UAV presented in Figure 1, where the
coordinate reference is shown with respect to a radar system. We assumed that the UAV has
four motors , each of them composed of horizontally oriented propellers with two diagonal
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rotor pairs rotating reverse to their plastic blade pair. The degrees of freedom of the UAV’s
vibration are the lateral and longitudinal translation in the vertical direction z-axis and
horizontal plane x-y-axis, respectively. The rotation about these axes corresponds to yaw,
roll, and pitch degrees of freedom.
Figure 1. Geometry of the radar and rotor blades of an unmanned aerial vehicle (UAV) and their
vibration angle components.
Let us assume the vibrational effects on the translating UAV barycenter. A general
representation of target range distance including its mechanical vibration is
R(t) = R0 + δ(t) (6)
where δ(t) indicates the vibration about the range R0, which is assumed by the UAV
barycenter. The range distance R(t) results in a frequency-modulated IF signal. The
model of the UAV translation can be characterized by considering the vibration about
three dimensions of the roll angle, αt, the pitch angle, βt, and the yaw angle, γt, as shown
in Figure 1. These vibrational deviations are exhibited by each motor with the same
mathematical representation, which is, in general terms, represented by [27]
δ(t) = x0 · cos(βt(t)) · cos(γt(t))+ (7)
y0 · sin(γt(t)) · cos(αt(t)) + z0 · sin(βt(t)) · cos(αt(t))
where x0, y0, and z0 denote the UAV barycenter position with respect to the radar and the
trigonometric terms corresponding to the degrees of freedom of vibration. Equation (7)
leads to the generation of 6 signal components, which consist of the relation between
each two vibration dimensions. They are located in the spectra about the carrier and
correspond to:∣∣wβ − wγ∣∣; ∣∣wβ + wγ∣∣; |wγ − wα|; |wγ + wα|; ∣∣wβ − wα∣∣; ∣∣wβ + wα∣∣. (8)
To characterize the UAV micro-Doppler signature along with its range and azimuth
and elevation angles, we assumed that the UAV is able to maintain a certain position and
orientation in space with respect to the radar. Let us assume that the UAV stands along the
z-axis of the reference system shown in Figure 1; this assumption is easily verified when
the radar unit points to the UAV. Thus, under this assumption, the UAV vibration around
the vertical direction does not affect the range information. As a result, the yaw angle
displacement is set to zero on average [27]. Hence, by neglecting the contribution of yaw
angle displacement signal, only 4 signals remain:
∣∣wβ∣∣, |wα|, ∣∣wβ − wα∣∣, ∣∣wβ + wα∣∣. Thus,
the vibration term related to each jth motor can be written in the compact form














, and w4 =
∣∣wβ − wα∣∣ for each jth motor.
From (9), the vibration of a single mechanical point of scattering results from the combina-
tion of four un-correlated components of vibrations across the lateral axis. In most general
cases, the vibration source is represented by the rotor propeller activated by an electrical
motor. In the most general case of a multi-rotor UAV, we consider the latter as an ensemble
of different vibrating objects (or rather, the different motors ), each jth motor providing its
own back-scattering signal generated in its range equal to
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into (3) and considering the linear superposition of the back-scattering signals produced by























In (11), the parameters that characterize the micro-Doppler signature are 13 × N,
where N corresponds to the number of vibration motors and the constant 13 derives
from the amplitude Aji, the frequency ωij/2π, and the phase φji, with i = 1 to 4, plus the
parameter Γj, with the latter taking into account the radar equations as already defined
in (2).
The model described by (11) permits the generation of different UAV signatures classes
with respect to the several morphological and cinematic parameters. These are the number
of motors, their rotation speed, and the UAV trajectory and translation speed. Observing
that the latter two of the list are typical objectives of radar target tracking, the number of
motors and their rotating speed can be effectively estimated only by the analysis of the
micro-Doppler effect. Thus, upon the acquisition of the radar signal, it would be possible
to exploit a model-fitting procedure, and thus determine the class of the observed UAV
in terms of the number of motors, N, and their vibrational parameters, ωij. amount of
simulated data, which can provide an extensive measurement database suitable for UAV
classification applications.
3. Experimental Validation of Micro-Doppler Model for Multi-Motor UAV
In this section, we provide an extensive characterization of the UAV prototype by
considering a commercial radar platform operating in the millimeter-wave range. The
data were acquired in an anechoic chamber with the UAV installed on a mount, which,
while keeping it in a suitable position, does not inhibit the natural vibration of its motors
and structure.
3.1. Experimental FMCW Radar Measurement Set-Up
The radar platform adopted for the experimental validation of the model described
by (11) operates in the millimeter-wave range and adopts the multi-input multi-output
antenna configuration [25,28].
The schematic of the radar front-end, which exploits eight receivers (RX) and four
transmitter (TX) antennas, is provided in Figure 2a; Figure 2b shows a picture of the
actual device. This radar platform adopted in the experiments is based on a commercial
chip-set capable of operating with a carrier frequency of 77 GHz, and provides MIMO radar
processing for FMCW waveforms with a bandwidth B of 2 GHz and chirp duration Tramp
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of 2.6× 10−4 s. This carrier frequency was selected due to the potential imaging-enabling
capability due to the short wavelength, and the availability of commercial platforms nor-
mally adopted for transport and traffic telematics and radio-determination applications
in vehicular communications (see, for instance, the European Electronic Communica-
tions Committee). The radar platform allows a fast connection to a remote control unit
through which the base-band RX channel signals can by acquired coherently, while the
post-processing of the radar image was carried out using a MATLAB code. In the following
experiment, the UAV under test was placed on a floor in front of the radar front-end,
as shown in Figure 3a, at a distance of 3 m for single motor UAV and 3.40 m for the
quadricopter due to the different mechanical structures of the mounting racks. In this
set-up, the radar front-end was held on a holder base upside in a small controlled anechoic
environment with absorbing panels spread throughout the floor and the walls, as shown in
Figure 3a. The anechoic chamber had a square longitudinal section with sides 1.50 m in
length and an overall height of 5 m.
(a) Schematic representation
(b) 77 GHz platform
Figure 2. Architecture of the millimeter frequency-modulated continuous-wave (FMCW) multi-input
multi-output (MIMO) radar adopted for the experimental validations.
Different measurements campaign were performed, swapping the positions between
the radar platform and UAV to obtain radar images for both the upper and lower side of
each drone target. Due to the blades’ profile and mechanical structure asymmetry with
respect to the longitudinal plane, radar fingerprints were different for each observation
side, so constructing a complete fingerprints database for this must be considered.
The UAV prototype features an H-type frame of 550 mm and was built by a conven-
tional 3D printer; its picture is shown in Figure 3b. It adopts 950 KV (volt/rpm) brushless
motors connected to 10 inch carbon fiber blades that permit a maximum thrust of 3.8 kgN
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or a maximum rotational speed of 14,000 rpm per motor. The motors are driven by 20 A
peak current and the motor drivers are regulated by an F4-ARM controller, while the energy
storage is a 11.1. V 3-cell LiPo battery with a capacity of 5500 mAh. The UAV prototype
total weight is 1.7 kg.
(a) Experimental setup (b) quad-copter UAV
Figure 3. Experimental validation in the laboratory set-up using a quad-copter UAV.
Along with the above-described UAV, the following tests considered the case of
only one motor in an effort to simulate one example of the class of single-motor UAVs.
This class could be representative of either tailed drones or mono-copters; however, the
characterizations did not consider either the prospective UAV wings or its fuselage. The
UAV model consists of the brusheless motor and a blade adopted in the quad-copter UAV,
along with the rotation speed controller.
Before proceeding further, we examined the typical radar image of a small UAV. An
example of a radar image is shown in Figure 4, where the quad-copter UAV is observed
toward the z-axis of the system reference at a distance of 3 m; the images were produced
using moving target indicator (MTI) radar image processing suitable for removing the
clutter. Since the UAV has extremely low RCS, it results to be very hard to detect by the
radar system when its motors were set off. Conversely, when the UAV motors were on, the
micro-Doppler signature permitted the distinction of the UAV from the clutter. Figure 4a,b
shows radar images for both cases in an actual measurement scenario. The radar image
in Figure 4a was acquired with drone motors switched off and without applying the MTI
algorithm; otherwise, the drone would have been totally removed from the image by MTI
averaging. Figure 4b was achieved by applying the MTI algorithm with an averaging
window of 10 frames keeping the thrust of the motors at the maximum level.
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(a) UAV motors: off, MTI: off
(b) UAV motors: on, MTI: on
Figure 4. Radar image of the quad-copter UAV obtained with a moving target indicator (MTI)
evidencing the micro-Doppler effect.
3.2. Micro-Doppler Model Validation
In the following, we examine the accuracy of the proposed model by comparing the
simulated and experimental data using the experimental set-up described in Section 3.1.
Starting from the preliminary consideration in the previous section, the process for
assessing the reliableness of the model (11) was applied in two different scenarios: the quad-
copter UAV and the single-motor UAV model. The latter was considered with the single
motor working at its highest rotation speed, and in a second state with the rotation speed
reduced to half. Similarly, we used the second set-up for the quad-copter UAV. Afterward,
the obtained measurements were subdivided into two different classes corresponding to the
number of motors and to the different UAV blades’ rotating speeds. A set of measurements
consisted of the acquisition of a suitable number of radar image frames, and by considering
the corresponding detected base-band signal spectrum, an optimization genetic algorithm
(GA) was applied to extract the best coefficients of the compact micro-Doppler model (11).
Figure 5 demonstrates a comparison between the power density spectrum associated
with the two different UAV classes.
Figure 5a,b presents the best-fitting model of the genetic algorithm for a single motor
at maximum and half rotation speeds, whereas Figure 5c,d shows the fitting model of the
genetic algorithm of a quad-copter with its motor’s rotation speed at half and maximum,
respectxively.











fpeak ≈ 9.75× 10−6 fpeak (12)
and considering fpeak in Figure 5, the estimated distance between the radar and a single
motor is 3.10 m, whereas for the quad-copter, it is 3.40 m, as expected given the scenario
depicted above.
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Table 1 provides the coefficients related to the required model parameters for different
UAV classes in accordance with roll wα and pitch wβ, and angle vibration scattered signals
and their intermodulations, wβ + wα and wβ − wα respectively.
Table 1 shows that despite good model approximation accuracy, there are slight
dissimilarities in the amplitudes and frequencies of the vibration associated with each
single-motor for the quad-copter, and the phase is a parameter that cannot be linked with
some physical meaning. This is not surprising because the mechanical vibrations depend
significantly on many factors, for instance, the mechanical tolerances of the several parts
by which a UAV is composed, as well as the action of the control unit that induces different
drivings on the motors to counterbalance oscillations during the flight. For this reason, the
results are not relevant to the absolute value of each vibration parameter, but rather the
relation between them and across the classes: this leads to the classification of the several
classes of UAV. In particular, UAV classification results in terms of number of motors are
significant, providing a meaningful definition of further actions with respect to the presence
of the UAV in a given observation space. In this respect, the pitch and roll frequencies,
ωβ and ωα, respectively, combine in their sum and difference into the third and fourth
vibrational parameters, thus confirming the accuracy of the model.
(a) Single motor at maximum speed
(b) Single motor at half speed
Figure 5. Cont.
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(c) Quad motor at maximum speed
(d) Quad motor at half speed
Figure 5. The fitting paradigm of the genetic algorithm between the output FMCW radar mea-
surements and the simulated FMCW radar measurements applying the UAV vibrational model for
different UAV state classes.
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Table 1. Micro-Doppler model coefficients for different UAV state classes.
Class Γj
wβ wα wβ + wα wβ − wα
Amplitude Frequency Phase Amplitude Frequency Phase Amplitude Frequency Phase Amplitude Freq Phase
single motor
half speed
motor 1 0.044 2.05× 10−3 2.69× 103 1.04 2.08× 10−3 3.98× 103 0.81 6.68× 10−4 6.94× 103 1.90 2.35× 10−3 1.19× 103 −0.04
quad motor
half speed
motor 1 0.001 2.20× 10−3 3.32× 103 −1.00 2.08× 10−3 3.79× 103 1.04 2.41× 10−3 7.07× 103 1.24 2.92× 10−3 4.67× 102 −0.20
motor 2 0.007 2.92× 10−3 1.75× 103 −0.63 2.77× 10−3 2.61× 103 −2.56 2.69× 10−3 4.53× 103 0.12 2.20× 10−3 9.10× 102 −2.01
motor 3 0.001 1.80× 10−3 3.43× 103 −3.64 1.94× 10−3 3.07× 103 −1.07 1.65× 10−3 6.74× 103 0.13 2.86× 10−3 3.56× 102 2.17
motor 4 0.004 2.09× 10−3 5.44× 103 0.16 2.07× 10−3 2.17× 103 1.60 1.75× 10−3 7.51× 103 1.77 2.77× 10−3 3.08× 103 1.59
quad motor
max speed
motor 1 0.001 2.24× 10−3 1.77× 103 −1.70 2.19× 10−3 4.84× 103 −0.51 1.64× 10−3 6.58× 103 3.88 3.60× 10−3 3.06× 103 −0.01
motor 2 0.003 3.24× 10−3 4.79× 103 1.06 1.63× 10−3 2.61× 103 1.93 1.42× 10−3 7.43× 103 −2.64 2.61× 10−3 2.16× 103 −1.54
motor 3 0.001 1.67× 10−3 2.82× 103 1.52 3.02× 10−3 5.06× 103 3.35 1.31× 10−3 7.86× 103 4.31 4.76× 10−3 2.24× 103 −1.70
motor 4 0.011 1.82× 10−3 5.07× 103 0.68 1.44× 10−3 2.62× 103 −2.58 8.29× 10−4 7.69× 103 −3.92 3.88× 10−3 2.47× 103 −1.71
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3.3. UAV Classification on the Basis of the Micro-Doppler Model
In the previous section, we introduced the validation of the Micro-Doppler compact
model. In this section, we discuss the reliability of the proposed model to ensure that this
model, although compatible with similar UAV-class measurements, does not show any
significant similarity for different classes of measurements; hence, the confusion matrix
(CM) was introduced. We considered several UAV classes with different numbers of motors,
their nominal rotation speed, and their orientation with respect to the reference system. For
each state, we acquired several radar images, corresponding to the label meas-i. For each
measurement data set, the corresponding micro-Doppler model (11) was fit assuming both
N = 1 and N = 4; this led to several estimated classes starting from the model fitting. Thus,
simply stated, the correlation between the measurements and simulated radar images,
the latter of which is generated by the optimized compact model, was calculated for each
different class following (13)
Cv =
1∥∥∥fftSIM − fftMEAS∥∥∥6 , (13)
where Cv is the correlation value evaluated in the frequency domain, the fftSIM refers to
the simulated data of the model after fitting, and fftMEAS is the measurement data obtained
from the FMCW radar platform. Note that before calculating the correlation value, the
simulated data spectrum was aligned to the measurement spectrum with respect to its
maximum peak to compensate for different scenario configurations. Given a measurement,
each correlation value was normalized with respect to the sum of the entire set of correlation
values for all the UAV states considered.
Table 2 shows the relative probability of matching between each measurement and a
corresponding model class, and thus provides the cross-correlation between different UAV
states. Notably, the values in each row are the probability of matching the measurement
to a specified UAV state (or rather, the confidence rate), the sum of each row in Table 2
is equal to 100%. The highest probability value corresponds to the correct class, which
produced the CM as a diagonal matrix.
To better understand the reporting format of Table 2, the first two column pairs
consider the single-motor UAV located toward the z-axis direction with respect to the
radar and rotating at two different speeds: nominally half and maximum speed. The two
considered cases were the single motor parallel to the x-axis and the y-axis, which are the
longitudinal and orthogonal views, respectively.
Similarly, the second two column pairs correspond to the quad-motor UAV aligned
toward the z-axis and observed from the bottom and the top. The correlating data were ob-
tained by comparing several measured data and the model outcomes by genetic algorithm
(GA) fitting. From the analysis of Table 2, we can recognize its diagonal shape, highlighted
by gray cells, with intensity proportional to the correlation between measurements and
modelled data. We found that by using the modeled UAV signature, the classifier is ca-
pable of identifying the UAV class related to the number of motors, with a high degree
of confidence. Conversely, the model does not show significant differences in confidence
rates for different motor rotation speeds for the same UAV motor class.
Accordingly, Table 3 presents the confusion matrix compiled regardless of blade
rotation speed. The table deals with the same data adopted to generate Table 2, but
considering just the classification of the number of motors in all the mentioned scenarios.
Regarding the data in Table 3, we expected to have a strong correlation with all various
measurements of the same class (number of motors ) for each class-related simulated radar
image, while having a weak correlation with different class measurements. Therefore, we
found that the model considers the number of motors as an orthogonal base for building a
simulated UAV micro-Doppler signature.
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Table 2. Confusion matrix considering the different number of motors and blade rotation speeds. GA, genetic algorithm.
Measures
Reference Models (Best GA Fits for Class)
Single Motor Single Motor Quad Motor Quad Motor
Orthogonal View Longitudinal view Bottom View Top View
Single Motor
Vertical View
ωhalf (meas 1) 66.38 3.10 14.37 14.08 0.96 0.96 0.11 0.05
ωhalf (meas 2) 22.29 1.38 23.93 49.20 1.03 1.93 0.15 0.08
ωhalf (meas 3) 6.37 82.90 5.12 2.72 1.53 1.04 0.24 0.08
ωmax 1.52 95.69 1.06 0.60 0.78 0.27 0.07 0.02
Single Motor
Horizontal View
ωhalf (meas 1) 17.64 8.98 41.50 19.25 6.74 4.00 1.30 0.60
ωhalf (meas 2) 5.66 2.87 22.02 43.28 2.08 23.27 0.62 0.20
ωhalf (meas 3) 6.91 1.35 61.99 27.43 1.08 1.08 0.12 0.05
ωhalf (meas 4) 19.85 4.40 46.17 23.34 2.71 2.56 0.64 0.32
ωmax (meas 1) 17.30 7.23 43.04 23.46 4.09 3.58 0.90 0.41
ωmax (meas 2) 5.81 2.08 28.94 49.10 1.51 11.99 0.41 0.15
ωmax (meas 3) 3.41 1.21 42.62 48.44 1.18 2.86 0.19 0.07
ωmax (meas 4) 17.10 2.95 38.34 35.25 1.74 3.62 0.65 0.35
Quad Motor
Bottom View
ωhalf (meas 1) 7.34 2.63 6.09 6.95 33.02 43.71 0.11 0.14
ωhalf (meas 2) 6.66 2.17 4.14 3.89 34.75 48.21 0.08 0.11
ωhalf (meas 3) 3.71 2.76 16.29 11.23 44.82 21.03 0.08 0.08
ωhalf (meas 4) 6.27 1.84 4.56 3.12 34.15 49.97 0.04 0.06
ωhalf (meas 5) 13.65 5.21 3.81 3.22 15.25 58.72 0.06 0.08
ωmax (meas 1) 4.57 1.90 10.14 5.82 46.08 31.40 0.04 0.05
ωmax (meas 2) 3.59 3.03 14.34 14.48 44.29 20.08 0.09 0.10
ωmax (meas 3) 6.27 1.84 4.56 3.12 34.15 49.97 0.04 0.06
ωmax (meas 4) 21.05 5.35 8.46 8.28 24.35 32.06 0.18 0.26
Quad Motor
Top View
ωhalf (meas 1) 0.04 0.04 0.05 0.07 0.06 0.06 96.48 3.21
ωhalf (meas 2) 0.04 0.04 0.05 0.08 0.06 0.07 96.16 3.51
ωhalf (meas 3) 0.02 0.02 0.03 0.04 0.03 0.03 98.45 1.37
ωhalf (meas 4) 0.09 0.07 0.10 0.15 0.12 0.13 93.56 5.79
ωmax (meas 1) 0.14 0.10 0.15 0.21 0.22 0.23 65.84 33.11
ωmax (meas 2) 0.25 0.17 0.27 0.35 0.37 0.40 30.01 68.20
ωmax (meas 3) 0.11 0.08 0.11 0.16 0.16 0.18 82.11 17.08
ωmax (meas 4) 0.09 0.06 0.09 0.12 0.11 0.13 4.49 94.91
ωmax (meas 5) 0.38 0.24 0.40 0.50 0.55 0.59 8.15 89.18
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Table 3. Confusion matrix considering different numbers of motors .
Measures
Reference Models (Best GA Fits for Class)
Single Motor Single Motor Quad Motor Quad Motor
Orthogonal View Longitudinal View Bottom View Top View
Single Motor
Vertical View
ωhalf (meas 1) 69.47 28.44 1.92 0.17
ωhalf (meas 2) 23.67 73.13 2.96 0.23
ωhalf (meas 3) 89.27 7.84 2.57 0.32
ωmax 97.21 1.66 1.04 0.09
Single Motor
Horizontal View
ωhalf (meas 1) 26.62 60.74 10.73 1.90
ωhalf (meas 2) 8.54 65.29 25.34 0.83
ωhalf (meas 3) 8.26 89.42 2.16 0.16
ωhalf (meas 4) 24.25 69.51 5.27 0.97
ωmax (meas 1) 24.53 66.50 7.66 1.31
ωmax (meas 2) 7.90 78.04 13.51 0.56
ωmax (meas 3) 4.63 91.07 4.04 0.26
ωmax (meas 4) 20.04 73.58 5.37 1.01
Quad Motor
Bottom View
ωhalf (meas 1) 9.97 13.04 76.73 0.26
ωhalf (meas 2) 8.83 8.03 82.96 0.19
ωhalf (meas 3) 6.47 27.51 65.85 0.16
ωhalf (meas 4) 8.11 7.68 84.12 0.10
ωhalf (meas 5) 18.86 7.04 73.96 0.14
ωmax (meas 1) 6.47 15.96 77.49 0.08
ωmax (meas 2) 6.62 28.82 64.37 0.19
ωmax (meas 3) 8.11 7.68 84.12 0.10
ωmax (meas 4) 26.41 16.74 56.41 0.44
Quad Motor
Top View
ωhalf (meas 1) 0.07 0.12 0.12 99.69
ωhalf (meas 2) 0.08 0.13 0.13 99.66
ωhalf (meas 3) 0.04 0.06 0.07 99.83
ωhalf (meas 4) 0.15 0.25 0.25 99.35
ωmax (meas 1) 0.24 0.36 0.45 98.95
ωmax (meas 2) 0.41 0.61 0.77 98.21
ωmax (meas 3) 0.18 0.28 0.34 99.20
ωmax (meas 4) 0.15 0.21 0.24 99.40
ωmax (meas 5) 0.63 0.90 1.14 97.33
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In both Table 2 and Table 3 the background color for each cell is proportional to its
value, to highlight how much the highest correlation values are spread only along matrices
diagonals. Such value distribution points out the reliability of proposed model for drone
type classification.
4. Conclusions
In this paper, a compact model for micro-Doppler signatures, dependent on the
number of vibrational motors and their propellers’ rotation rates, was proposed. To
ensure the reliability of the proposed model, the latter was used to build some simulated
FMCW radar images, which were compared with experimental measurements using a
77-GHz FMCW radar platform to provide a large measurement database suitable for UAV
classification applications.
By observing the confusion matrices,the proposed model showed a lack of significance
regarding motor speeds but it overcomes this limitation with strong confidence rates for
UAV class identification, i.e., number of UAV motors. Despite this, such weakness can
also considered a point of strength because a classifier must consider only one signature
for each UAV class, thus reducing the required amount of memory and increasing the
reliability of class detection regardless of motor speed.
The method actually lacks an effective depiction of the relationships between phys-
ical scenario parameters, such as real drone motor rotational speeds and fitted model
parameters. The physical significance of model was proven because the fitted component
frequency ratios fulfill the conditions imposed by the well-proven vibrational model given
in [27]. Through this further investigation, measuring real UAV functional parameters
could lead to identifying meaningful mathematical relations. Such relations could be used
to build large fingerprint databases deterministically, removing the need to fit models on
sample measurements.
Following this, the proposed model can provide the basis for investigations into
the effectiveness of such fingerprint models instead of needing massive measurements
campaigns for building a complete training dataset for artificial intelligence (AI) or deep
learning classification applications in UAVs. If such models are proven to be effective,
we could consider them as a starting point for introducing a new kind of unsupervised
training procedure for AI or deep learning.
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